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본 강의 자료는 한국생명정보학회가 주관하는 BIML 2024 워크샵 온라인 수업을 목적으로 

제작된 것으로 해당 목적 이외의 다른 용도로 사용할 수 없음을 분명하게 알립니다.

이를 다른 사람과 공유하거나 복제, 배포, 전송할 수 없으며 만약 이러한 사항을 위반할 경우 

발생하는 모든 법적 책임은 전적으로 불법 행위자 본인에게 있음을 경고합니다.



KSBi-BIML 2024
Bioinformatics & Machine Learning(BIML)

Workshop for Life and Medical Scientists

안녕하십니까?

한국생명정보학회가 개최하는 동계 교육 워크샵인 BIML-2024에 여러분을 초대합니다. 생명정보학 

분야의 연구자들에게 최신 동향의 데이터 분석기술을 이론과 실습을 겸비해 전달하고자 도입한 

전문 교육 프로그램인 BIML 워크샵은 2015년에 시작하여 올해로 벌써 10년 차를 맞이하게 되었

습니다. BIML 워크샵은 국내 생명정보학 분야의 최초이자 최고 수준의 교육프로그램으로 크게 

인공지능과 생명정보분석 두 개의 분야로 구성되어 있습니다. 올해 인공지능 분야에서는 최근 

생명정보 분석에서도 응용이 확대되고 있는 다양한 인공지능 기반 자료모델링 기법들에 대한 현장 

강의가 진행될 예정이며, 관련하여 심층학습을 이용한 단백질구조예측, 유전체분석, 신약개발에 

대한 이론과 실습 강의가 함께 제공될 예정입니다. 또한 단일세포오믹스, 공간오믹스, 메타오믹스, 

그리고 롱리드염기서열 자료 분석에 대한 현장 강의는 많은 연구자의 연구 수월성 확보에 큰 도움을 

줄 것으로 기대하고 있습니다. 

올해 BIML의 가장 큰 변화는 최근 연구 수요가 급증하고 있는 의료정보자료 분석에 대한 현장 강의를 

추가하였다는 것입니다. 특히 의료정보자료 분석을 많이 수행하시는 의과학자 및 의료정보 연구자

들께서 본 강좌를 통해 많은 도움을 받으실 수 있기를 기대하고 있습니다. 또한 다양한 생명정보학 

분야에 대한 온라인 강좌 프로그램도 점차 증가하고 있는 생명정보 분석기술의 다양화에 발맞추기 

위해 작년과 비교해 5강좌 이상을 신규로 추가했습니다. 올해는 무료 강좌 5개를 포함하여 35개 

이상의 온라인 강좌가 개설되어 제공되며, 연구 주제에 따른 연관된 강좌 추천 및 강연료 할인 

프로그램도 제공되며, 온라인을 통한 Q&A 세션도 마련될 예정입니다. BIML-2024는 국내 주요 연구 

중심 대학의 전임 교원이자 각 분야 최고 전문가들의 강의로 구성되었기에 해당 분야의 기초부터 

최신 연구 동향까지 포함하는 수준 높은 내용의 강의가 될 것이라 확신합니다.

BIML-2024을 준비하기까지 너무나 많은 수고를 해주신 운영위원회의 정성원, 우현구, 백대현, 

김태민, 김준일, 김상우, 장혜식, 박종은 교수님과 KOBIC 이병욱 박사님께 커다란 감사를 드립니다. 

마지막으로 부족한 시간에도 불구하고 강의 부탁을 흔쾌히 허락하시고 훌륭한 현장 강의와 온라인 

강의를 준비하시는데 노고를 아끼지 않으신 모든 강사분들께 깊은 감사를 드립니다. 

2024년 2월

한국생명정보학회장 이 인 석



강의개요

Single-cell RNA-sequencing analysis: 
Assignment of cell types 

본 강의는 단일세포 전사체 데이터 분석의 기본적인 측면을 다룬다. 단일세포 수준으로 분석하는 

것이 왜 중요한지에 대한 개론을 제공하며, 데이터 유형의 구조와 형식을 설명하고, 데이터 전처

리 과정을 이해할 수 있도록 이론과 함께 실습 강의를 제공한다. 또한, 단일세포 전사체 데이터를 

이용한 세포 유형을 결정하는 전반적인 과정을 이해할 수 있다. 이를 통해 학습자들은 단일세포 

연구에서 데이터를 처리하고 세포 유형을 파악하는데 필요한 기초적인 지식을 습득하게 된다.

강의는 다음의 내용을 포함한다:

  ⚫ 단일세포 전사체 데이터 분석의 중요성과 의의를 이해

  ⚫ 단일세포 전사체 데이터의 구조와 형식에 대해 학습 

  ⚫ 단일세포 전사체 데이터를 활용하여 세포 유형을 할당하는 과정을 이해

*참고강의교재: 

.

* 교육생준비물: 

  Rstudio 및 Seurat (R package)가 설치된 노트북 (메모리 8GB 이상, 디스크 여유공간 30GB 이상)

* 강의 난이도: 초급

* 강의: 김규태 교수 (아주대학교의과대학 생리학교실) / OOO 조교
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Cell: The basic unit of life

Robert Hooke was the first

to apply the word ‘Cell’ to biological objects (Cork).

Drawing by Hooke

Captured picture of Cork tissue

Robert Hooke
(1635 – 1703)

4
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Cell: The basic unit of life

From a cell, then … 

Waddington’s model

6

Cell: The basic unit of life

Tumor Micro-Environment

bba bb
c

d

e

f

g

Within-cell-type differences
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Why single-cell sequencing?

Bulk analysisBBuullkk aannaallyyyyyyyyssiiisiisss vs. s. Singlelele-ee-cell RNANANA-AAAAAAAA-seq

8

“No! Sometimes the Sum of the Parts (single-cells) is Greater than the Whole (bulk).”
(original phrase by Aristotle, “The Whole is Greater than the Sum of its Parts.”)

Genes Genes Genes

---median--- ---mean---- -

stochastically
- - - - averaged signal - - - -
by bulk measurement

distinctive patterns of sub-clusterseach dot : single cells

Variant allele frequency
or

Level of gene expression
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The bulk measurement is
the stochastic average of single cells

Kim KT, Lee HW, Lee HO et al., 2015 Genome Biol.

10

Single-cell analysis – a brief history

‘Single-cell sequencing’
Methods of the Year 2013

Rapid progress in
‘Single-cell sequencing’

adapted from Wang et al. Mol Cell 2015

[Tracking development cell by cell]
Breakthrough of the Year

2018 Science

- 5 -
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Single-cell analysis – a brief history

12

Trends: Increasing Dimensionality & More Cells

Sarah Teichmann group, 2018, Nat Proc.

- 6 -
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[Experimental Approaches]

• DNA-seq + RNA-seq = SIDR-seq, G&T-seq, DR-seq
• DNA-seq + RNA-seq + Methyl-seq = Trio-seq
• RNA-seq + ATAC-seq = sciCAR
• RNA-seq + TCR/BCR = (10X) 5’GEX with Immune Cell profiling
• Epitope-profiling + RNA-seq +  = CITE-seq
• Genotyping + RNA-seq = GoT
• Genetic screening with CRISPR + RNA-seq = Perturb-seq
• and……

Multi-modal profiling methods

at single-cell resolution

14

[Computational Approaches]

Farrell JA, Wang Y et al., 2018 Science Manno GL et al., 2018 Nature

- 7 -
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[Experimental & Computational Approaches]

GoT
(linear/circ)

ATAC
(10X)

long-read
(ONT)

RNA
(10X)

Methylation

(RRBS)

profiling of

transcriptional

readouts

profiling of
cis-regulatory
modes

genotyping of

singular/multiple

mutations per cell

reliably detecting of

alternative splicing

with high-throughput

Integrated

analysis

by matching

cell barcodes

Clinical
features 

profiling of

epigenetic

mutations

16

Highly Dimensional Single-cell Data Sets
# Cells######  CCCCCCCeeeeeeelllllllllllllslllllllsssssss xx # Features######  FFFFFFeeeeeeeaaaaaaatttttttuuuuuuurrrrrreeeeeee###### eseeeeeeesssssss xx # Time Points######  TTTTTTiiiiiimmmmmmeeeeeee  PPPPPPoooooooiiiiiinnnnnnttttttt###### tstttttttsssssss x x # #########################  Technologies

dissected by 

Sophisticated Analytical Design withophisticated Analytical Design wit

Massive Computational Power

- 8 -
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Basic single-cell analysis workflow

• Micropipetting

• Laser capture microdissection

• FACS

• Microfluidic circuits

• Droplet-based microfluidics

• MALBAC

• MDA

• LIANTI

(DNA)

• STRT-seq

• CEL-seq

• SMART/SMART2/SMART3-seq

• Droplet-based amplification

(Drop-seq, inDrop, 10X)

(RNA)

(statistical/algorithmical mining)

18

At the initial stage of single-cell field

96 wells

40-80 live cells captured

20-60 cells of
QC-passed

Dead or live?

Singlet or doublet?

How many genes detected?

How many reads aligned?

Mitochondria fraction?

- 9 -
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Basic data processing workflow

20

Basic data processing workflow 

for full-length/high-depth of several single-cells

Kim KT, Lee HW, Lee HO et al., 2015 Genome Biol.
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21

Trends: Increasing Dimensionality & More Cells

Sarah Teichmann group, 2018, Nat Proc.

22

Basic single-cell analysis workflow

- 11 -
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Pre-processing pipeline: 10X  CellRanger

--> Output: Gene-level expression matrix per cell

24

CellRanger (10X Genomics)

1. Read Trimming

> Detection/trimming of technically-induced sequence (TSO, template switch oligo)

2. Read Alignment

> Splicing-aware alignment of cDNA sequences to the genome reference using STAR

3. Calling cell barcodes and UMI

> Error-aware statistical correction of barcodes and UMI

4. Basic subclustering and dimensional reduction

- 12 -
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Identifying error-corrected barcode sequence

26

Identifying error-corrected barcode sequence

- 13 -
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Identifying error-corrected barcode sequence

28

Identifying error-corrected barcode sequence

- 14 -
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Output BAM

(White-listed barcodes) (Length of UMI)

30

Output matrices

� sparse matrices for gene expression per cel

- 15 -
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Estimation of relative level of gene expression &
Normalization of their abundances

32

Estimation of relative level of gene expression &
Normalization of their abundances

- 16 -
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Output matrices

34

Seurat R package:
the most popular tool package processing 10X output data

1) Read the 10X output data

2) QC and select cells for further analysis

3) Normalize the data

4) Detection of variable genes across the single cells

5) Scale the data and remove unwanted sources of variation

6) Perform linear dimensional reduction

7) Determine statistically significant principal components

8) Cluster the cells

9) Run non-linear dimensional reduction

10) Find differentially expressed genes (cluster biomarkers)

11) Assign cell type identity to clusters

12) Further sub-dissect within cell types

https://satijalab.org/seurat

- 17 -



Data loading (practice)

36

Data loading
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Data loading

38

Filtering out poor quality cells

- 19 -
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Normalize expression matrix and
identify top variable genes 

40

Normalization

- 20 -



41

Normalization and PCA

41

42

Estimate statistical significances of PCs

- 21 -
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Dimensional reduction and visualization

44

Batch-correction

- 22 -
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Batch-correction

46

Batch-correction

- 23 -
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Batch-correction

48

Batch-correction

Batch-correction

48

- 24 -



https://drive.google.com/drive/folders/1_qAYJFtitBjacAuLjzCictn0KIAN93G6?usp=sharing

Thank you!

KIMQTAE@ajou.ac.kr

- 25 -



KSBi-BIML 2024
Single-cell RNA-sequencing analysis: 

Assignment of cell types (part2)

Kyu-Tae Kim
Ajou University School of Medicine

2

•

•

•

•

•

- 26 -



3

How to understand thousands of individual things?

Given that we have individual pieces of fruits (single-cell analysis),

then how to sort these with which criteria? Color? Freshness? Kinds?

How to describe??

4

Clustering objects

by colors by kinds by freshnessSupervised - clustering

[Red][Red][R[R[[R[R[[[ edededed]]]]]]]]
cluster

[Green][Green][G[G[[G[G[[[ rererereenenenen]]]]]]]]]
cluster

[Grape][Grape][G[G[[G[G[[[ rarararapepepepeppp ]]]]]]]]]
cluster

[Apple][Apple][A[A[[A[A[[[ pppppppppppppplelelele]]]]]]]
cluster

[Rotten][Rotten][R[R[R[R[[[[ ototototteteteten]n]n]n]]]]]]]
cluster

[Fresh][Fresh][F[F[F[F[[[[ rererereshshshsh]]]]]]]]
cluster

- 27 -
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Supervised vs. Un-supervised clustering

> The classes are predefined, and the task is to 

understand the basis for the classification from a 

set of labeled objects (training or learning set).

> This information is then used to classify future 

observations.

• Discriminant analysis

• Class prediction

• Supervised pattern recognition

Supervised clustering

> The classes are unknown a priori and need to be 

“discovered“ from the data.

• Cluster analysis

• Class discovery

• Unsupervised pattern recognition

Un-supervised clustering

6

Clustering analysis

Kinds

Fr
es

hn
es

s

Apple Grape

R
o
t
t
e
n

F
r
e
s
h

> Finding groups of objects such that the objects in a group will be similar (or related)

to one another and different from (or unrelated to) the objects in other groups

> Cluster: a collection of ‘similar’ data

- 28 -
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Evaluation of clustering

> A good clustering method will produce high quality clusters with

Low intra-class distance  =   High intra-class similarity

High inter-class distance  =  Low inter-class similarity

Intra-cluster

distance

> Intra-cluster distance:

the distance among members of a cluster

> Inter-cluster distance:

the distance between two different clusters

High intere -r-clustergh inteer usclc

distance Low interee -rrr-cluster distance

High intra-cluster

distance

L i didl

High intrraraaaa- usterrrrrrrrrrrclcgh intrtrrara usclc

distancecececececececececececececeececeeeecececcceeccccdidististaanceeeeeeeeeeeeeeeeeeeeeanceeeeeeeeeanc

Low intrarara-aaa--clusterintrw i raa ustclc

distance
Inter-cluster

distance

od will pro

>
nce

> How to determine ‘similarity’? 

> How to measure ‘distance’?

8
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Similarity measures with a gene expression table

attributes
(features)

instancesn

p

x11 x1f x1p

xi1 xif xip

xn1 xnf xnp

1

xi1

n

1 x1f x1p

Data matrix

> n: size of the data (how many samples)

> p: attributes of the data (how many genes)

> n
> p

0

d(2,1) 0

d(3,1) d(3,2) 0

d(n,1) d(n,1) 0

Distance matrix
(dissimilarity matrix)

levels of

gene expressiongeggegggggegggggeggeggggegggg nenenenenene eeeee expxpxpxpxpxpppprerererereressssssssssssioioioioioionnnnnnnnnnnnnnnnneeeeeeeeeeee pppppppppppppppppp ssssssssssss

or levels of offffffffffffffffffffff peakaa -akkkkkkkkkkkkkkkkkkkkkkkkakkkkkkkkkkkkkkkkkkkkkkkkkkkk---------------callsllslllls from ATACAA -ACCCCCCCCCCCCCCAC---------seq, q,eq ChIPhIhIhh -IPPPPPPPPPPPPPPPPPIP---------seq

or levels of 

ppp

offfffffoffofffff CNVsffffffff NVNVNVNVNVNVCNCCNCCCNCCCNCCNCCCNCC

ppp

sssVsVsVssVVVVVVVsssssssssssssssssssssssssss from DNANNNN -NAAAAAAAAAAAAAAAAAAAAAAAANAAANAAAAAAAAAAANAAA-------seq, RNANNNNN -

q,qq

NAAAAAAAAAAAAAAAAAAAAAAAAAAANAAAANAAAAAAAANA-----seq, Methylhyhyhyyh -

qq

yllllllllllllllllllllllylllyllllllyll------seq

or orr rrr variant allele frequenciesrrr qqarararararianianianianiant at at at at allellellellellelelelelele frefrefrefrefrequequequequequeqqq ncincincincincieeeeeeariant allele frequencieariant allele frequencieiiiiiiiiii aaaaaa uuuuuuuuuuuu iiiiiiiiiivavvvvavvvvavvvvavvavava

q,,,q

esesesssessessseseses from DNANNNN -

yq,q

NAAAAAAAAAAAAAAAAAAAAAAAAAANAAAAAANAAAAAAAAANANA----------seq, RNA

yyyy

NNNNNNNN -

qqqqqy

NAAAAAAAAAAAAAAAAAAAAAAAAAANAAAAAANAAAAAAAAAAANA-----seq

Dimensionality

= = nn xn xx p

10

> Euclidean distance
• Two genes are close if they have similar expression values 

for all samples

> Manhattan distance
• Less sensitive to outliers than Euclidean distance

Coordinate-1

C
oo

rd
in

at
e-

2

x

y

Coordinate-1

C
oo

rd
in

at
e-

2

x

y

Manhattan

Classical distance measures

Manhattan
aaaaaaaaaaanhnnhnhnhnhnhnhnhnhnhnhnhnhnhnnhhhhhhhhhhnnhhhnnhhhnhnhhhhhhnhnhhhhhhhhhhhhhhhhhhhhhhhhhnhhhnhhhhhhhhhhhhhhhataatatatattttttatatatataatttttatttattttaaaaaaaaaaaaaaaaaaaaaaaaaaaaaaaaaaaaaaaaaaa tataatataatataatataattaatatataatatatatatatatatatattttatattttattatattttataaaatttatataatttaaatataaaaaaaaaaaaaataaaaaaaaaaaaaaaaaataaaaaataaaaataataaaatataaaaaataaaaaaaaaannnnnnnnnnnnnnnn

M h tttt
MMMMMMMMMMMMMMMMMMMMMMMMMMMMMMMMMMMMMMMMMMMMMMMMMMMMMMMMMMMMMMMMMMMMMMMMMMMMMMMMMMMMMMMMMMMMMMMMMMMMMaMaMaMaMaMaaMaMaMaMaMaMaMaMaMaMaMMaMaaMaMMaMaaMaMaMMMMaMaMMMMMaMMaMaMaMMaMaMMMaMaMaMMaMaMMMaMaMMMMMMMMaMMaMaMMMMaMaMMaMaMaMMaaaMaaaaaaaaaaaa

(x) 

(y)
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Measures of relative distances

> Pearson correlation
• Measuring the degree of a linear relationship between two 

profiles

> Eisen cosine correlation
• A special case of Pearson’s correlation with x and y both 

replaced by zero

> Spearman correlation
• Measuring the correlation between the rank of x and the rank 

of y variables

> Kendall correlation
• Measuring the correspondence between the ranking of x and y

variables

Parametric

non-Parametric

12

Clustering methods

> Hierarchical clustering

> Partitioning clustering
• K-medoids

• PAM (Partitioning Around Medoid)

• SOM (Self Organizing Maps)

> Advanced clustering
• Hybrid clustering methods

• Fuzzy clustering

• Model-based clustering

• Density-based clustering

• Graph-based clustering

• and …

- 31 -
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Hierarchical clustering

Hierarchicalnon-Hierarchical

B
C

A E FD

J K
H I

G

G

J K I H B C

A

E F

D

D
iv

is
iv

e

Ag
gl

om
er

at
iv

e

(Nested clusters) (Dendrogram)

14

Hierarchical clustering

• Hierarchical clustering was the first algorithm 

used in microarray research to cluster genes. 

(David Bostein group, PNAS 1998)

• First, each object is assigned to its own cluster. Then, iteratively, the two most similar clusters are joined, 

representing a new node of the clustering tree. The similarity matrix is updated. This process is repeated until 

only a single cluster remains. (agglomerative clustering)

> Single linkage
• Smallest distance

> Complete linkage
• Largest distance

> Average linkage
• Average distance

Average distance

- 32 -
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Partitioning clustering

> Hierarchical 
• Clustering is hierarchical decomposition (i.e., multiple levels)

• It can not correct erroneous merges or splits

> Partitioning
• It find mutually exclusive clusters of spherical shape

• It may use mean or medoid to represent cluster center

• It may effective for small- to medium-size data sets

16

K-means clustering

• Number of cluster, K, must be specified

• Each cluster is associated with an averaged point (centroid)

• Each point is assigned to the cluster with the closest centroid

• Basic algorithm

1: Select K points as the initial centroids.

2: repeat

3:     From K clusters by assigning all points to the closest centroid.

4:     Recompute the centroid of each cluster.

5: until The centroids does not change
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Limitation of K-means clustering

• Applicable only when mean is defined, then what about categorical data?

• Need to specify K, the number of clusters, in advance

• Unable to handle noisy data and outliers

Overcoming limitations

Differing sizes Differing densities Non-convex shapes

• Not suitable to discover clusters with

• Using many clusters (i.e., high K)

• Using K-medoids, instead of k-means

which is sensitive to outliers

18

Dimensional reduction for visualization

> Projection methods
• PCA (Principal Component Analysis)

• t-SNE (t-distributed Stochastic Neighbor Embedding)

• UMAP (Uniform Manifold Approximation and Projection)

PCA t-SNE UMAP
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Graph-based clustering

KNN = 5 KNN = 10

• Louvain community detection is applied to a shared-nearest-neighbor graph connecting the 

cells and finds tightly connected communities in the graph

• Increasing the number of neighbors when constructing the cell–cell graph indirectly 

decreases the resolution of graph-based clustering. 

20
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Cell-type assignment

22

Cell-type assignment

- 36 -



23

Travaglini et al., Nature 2020

Cell-type assignment

24

Cell-type assignment

Travaglini et al., Nature 2020
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Hematopoiesis
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Useful resources to identify cell type markers

[cell type gene expression] https://dice-database.org/

[cell type gene expression] http://biocc.hrbmu.edu.cn/CellMarker/index.jsp

[cell type gene expression] https://alona.panglaodb.se/

[cell type gene expression] https://cellxgene.cziscience.com/cellguide/

[cell type gene expression] https://www.celltypist.org/encyclopedia/Immune/v2

[cell types in blood/tissue marker ptn. expression] https://www.proteinatlas.org/
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Useful resources to identify cell type markers
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Useful resources to identify cell type markers

- 39 -



29

https://drive.google.com/drive/folders/1_qAYJFtitBjacAuLjzCictn0KIAN93G6?usp=sharing

Data loading (practice)

30

Batch-correction

Batch-correction

30
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Clustering

resolution=0.5 resolution=1 resolution=1.5

32

Identification of cluster-specific markers
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Identification of cluster-specific markers
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Identification of cluster-specific markers
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Identification of cluster-specific markers

36

Discovery of cluster identity
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Discovery of cluster identity
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Discovery of cluster identity
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Discovery of cluster identity

40

Discovery of sub-cluster identity
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Discovery of sub-cluster identity

42

Discovery of sub-cluster identity
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Discovery of sub-cluster identity
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Discovery of sub-cluster identity
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Discovery of sub-cluster identity
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Discovery of sub-cluster identity
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Discovery of sub-cluster identity
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Discovery of sub-cluster identity
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Discovery of sub-cluster identity

Thank you!

KIMQTAE@ajou.ac.kr
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